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Abstract

Information Retrieval (IR) systems used in search and rec-
ommendation platforms frequently employ Learning-to-Rank
(LTR) models to rank items in response to user queries.
These models heavily rely on features derived from user in-
teractions, such as clicks and engagement data. This depen-
dence introduces cold start issues for items lacking user en-
gagement and poses challenges in adapting to non-stationary
shifts in user behavior over time. We address both chal-
lenges holistically as an online learning problem and propose
BayesCNS, a Bayesian approach designed to handle cold start
and non-stationary distribution shifts in search systems at
scale. BayesCNS achieves this by estimating prior distribu-
tions for user-item interactions, which are continuously up-
dated with new user interactions gathered online. This on-
line learning procedure is guided by a ranker model, enabling
efficient exploration of relevant items using contextual in-
formation provided by the ranker. We successfully deployed
BayesCNS in a large-scale search system and demonstrated
its efficacy through comprehensive offline and online experi-
ments. Notably, an online A/B experiment showed a 10.60%
increase in new item interactions and a 1.05% improvement
in overall success metrics over the existing production base-
line.

Extended version — https://arxiv.org/abs/2410.02126

Introduction

Information Retrieval (IR) techniques used in search and
recommendation systems often use Learning-to-Rank (LTR)
solutions to rank relevant items against user queries (Liu
et al. 2009; Zoghi et al. 2017). These LTR models heavily
rely on features derived from user interactions, such as user
clicks and engagement data, as they are often the most ef-
fective features for ranking items (Sorokina and Cantu-Paz
2016; Haldar et al. 2020; Yang et al. 2022). However, re-
lying on user interaction signals in LTR can lead to sev-
eral challenges. Besides being noisy, user interaction data
is sparse for new and tail items (Joachims 2002; Lam et al.
2008). This leads to cold start issues, where new items are
ranked poorly and receive no user engagement. User interac-
tion signals are also dynamic and non-stationary, changing
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due to seasonality, long-term trends, or through repeated in-
teractions with the search system as a whole (Kulkarni et al.
2011; Moore et al. 2013).

Performing exploration over item recommendations may
alleviate cold start issues by providing a wider selection
of items to users. However, naively doing so may come
at the expense of key business metrics (Hu et al. 2011).
Indeed, over-exploration of items can hurt search quality
metrics, and recommending irrelevant items can damage
user trust (Schnabel et al. 2018). On the other hand, under-
exploration may prevent the search system from adapting to
shifts in user behavior over time (Pereira et al. 2018).

Though both cold start and non-stationarity of user in-
teraction features are closely related and common prob-
lems in search and recommendation systems, to the best
of our knowledge, no method attempts to address these is-
sues holistically at scale (Al-Ghossein, Abdessalem, and
Barré 2021). Existing methods that solve cold start rely on
heuristics to selectively boost item rankings (Taank, Cao,
and Gattani 2017; Haldar et al. 2020), or auxiliary informa-
tion to make up for the absence of interaction data (Gantner
et al. 2010; Zhu et al. 2020; Missault et al. 2021). Mean-
while, non-stationary distribution shifts are handled in prac-
tice by periodic model retraining, which is costly and unsta-
ble due to the varying quality of data collected online (He
et al. 2014; Chaney, Stewart, and Engelhardt 2018; Ash and
Adams 2020; Haldar et al. 2020; Coleman et al. 2024).

Bayesian modeling offers a way to principally handle
the dynamic and uncertain nature of these user interaction
features (Barber 2012). Under a Bayesian paradigm, one
can model the prior distribution of the user interaction fea-
tures which can be updated in real time as new data is
observed under non-stationary distribution shifts (Casella
1985; Russo et al. 2018; Ardywibowo et al. 2019). The pos-
terior distribution can then inform an online learning algo-
rithm which uses both the user interaction feature estimates
and the contextual query-item features to rank items accord-
ingly.

Despite their advantages, Bayesian methods are compu-
tationally demanding, as exact estimation of the posterior
distribution is intractable. Promisingly, recent variational in-
ference approaches that use neural networks enable model-
ing expressive distributions and allow efficient updates ap-
proximating the posterior distribution (Yin and Zhou 2018;



Molchanov et al. 2019; Kingma et al. 2021). Although these
approaches have been used for various use cases such as out-
lier detection (Ardywibowo et al. 2020), uncertainty quan-
tification (Boluki et al. 2020), and energy-efficient sens-
ing (Ardywibowo et al. 2022a), their application to address
cold start and non-stationarity in recommendation systems
has not been previously explored.

To this end, we propose BayesCNS: a unified Bayesian
approach holistically addressing cold start and non-
stationarity in search systems at scale. We formulate our
approach as a Bayesian online learning problem. Using an
empirical Bayesian formulation, we learn expressive prior
distributions of user-item interactions based on contextual
features. We use this learned prior to perform online learn-
ing under non-stationarity using a Thompson sampling algo-
rithm, allowing us to update our prior estimates and contin-
ually learn from new data to maximize a specified cumula-
tive reward. Our method interfaces with a ranker model, en-
abling ranker-guided online learning to efficiently explore
the space of relevant items based on the contextual informa-
tion provided by the ranker. To summarize, our contributions
are as follows:

* We develop a unified method to deal with item cold start
and non-stationarity in large scale search and recommen-
dation systems.

* We develop an empirical Bayesian model that, using a
novel deep neural network parameterization, estimates
the prior distribution of user-item interactions based on
contextual features.

* We present an efficient method to perform online learn-
ing under non-stationarity which can be applied to any
ranker model commonly used in search and recommen-
dation systems.

* We apply our approach to a search system at scale and
conduct comprehensive offline and online experiments
showing the efficacy of our method. Notably, an online
A/B test we conducted shows an improvement in overall
new item interactions by 10.60%, and an improvement of
1.05% in overall success rate compared to baseline using
our proposed approach.

We describe our methodology, related work, and experi-
ments conducted in greater detail in the following sections.

Methodology
Background

A search and ranking system can be described as follows:
At any given time ¢, a user issues a query ¢; € @ to find
a desired item within an index of items D. In response,
the search system returns a set of K items D,,, where
D,, C D. The system shows D, as a list 7, : d €
D, — {1,2,..., K} ranked according to a score function
s : D x @ — R which maps document-query pairs to real
valued relevance scores. Users then browse the provided re-
sults list, producing a reward signal in the form of user in-
teractions as they engage with the system. For simplicity, we
assume that the reward signal is represented as a binary re-
ward vector ¢; € {0,1}%, where ¢! = 1 indicates that the
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user performed a favorable action, such as clicking on item
d.

Given this setting, the goal is to learn a ranking function
s such that the expected cumulative reward over a period of
time 7', ]E[Zfzo llct |, ] is maximized. This is achieved when
the items are scored according to the conditional probability

of a favorable action given the query s(d, qt) = p(c|q), as
T T
o[ Sl 2 ¥ Eelad =Y ¥ wlela
t=0 t=1deD,, t=1 deD,,
(1)

The term is maximized when we select items D; C D with

the highest score p(cf|q;):

Dy, = argmax E
qt
Pa P 4ep,,

2

p(cf |Qt

The queries and items are typically represented as fea-
tures, which may be derived from user interactions x, or
contextual features z such as item categories, keywords, or
other query-item attributes. Thus, one may parameterize the
score function as s(d,q;) = p(ci|q;) £ py(clz, z). Here,
the score function is parameterized by v which can be de-
fined using any function approximator, such as decision trees
or neural networks, and can be estimated by optimizing a
chosen ranking objective (Cao et al. 2007; Rendle et al.
2012; Sedhain et al. 2014).

While contextual features z are mostly static, user inter-
action features x are dynamic and uncertain, varying drasti-
cally due to seasonal trends (Moore et al. 2013), long-term
distribution shifts (Abdollahpouri, Burke, and Mobasher
2019), popularity biases, and cold start effects. Despite
this variability, user interaction features are frequently re-
lied upon by search and recommendation systems. Conse-
quently, it is crucial for these systems to handle the dynamic
and uncertain nature of these features scalably.

We develop an online Bayesian learning formulation to
address these issues. In an empirical Bayes fashion, Our
method first predicts prior distributions of the user-item in-
teraction features based on the contextual features z. We per-
form Thompson sampling on these prior distributions, which
provide user-item interaction estimates and receive rewards
as feedback to further optimize these priors to maximize the
expected cumulative reward. We describe this in further de-
tail in the following sections.

Empirical Bayesian Prior Modeling

In an empirical Bayes fashion, we are interested in estimat-
ing the prior distribution p(z|z) of user interactions & given
contextual features z, using data of existing items in our in-
dex (x, z) ~ D. We define this distribution implicitly using
a neural network. Specifically, given L user interaction fea-
tures, = [x1,...,2L], we let

x ~ p(z|¢p) £ szzlsb b= fo(z). 3

Here, fg(z) is a neural network with parameters @ which
takes contextual features z and maps them to parameters



Interaction
Estimates

P(Z‘tﬂ \3?1:1, Z)

Linear
[y

Results 4

Feed

<N Forward

Layer Norm
A

p Contextual
Embeddings

(a)

(b)

Figure 1: (a) An Illustration of our proposed approach. The contextual query-item features z is used to construct a learned prior
model fg(z). This model is used to construct prior estimates of the user interaction features p(x|z). The model then performs
online learning through Thompson sampling. By providing user interaction feature estimates & to a ranking model py(-), the
model can explore the space of relevant rankings p(c|x, z) while being guided by relevant contextual information z. The model
receives feedback rewards in the form of user interactions a; which are used to subsequently update the posterior distribution
p(x¢|x1.4-1, 2) in the next timestep ¢. (b) The neural network architecture used for fg(z) trained to output prior parameters o

and ¢ by optimizing a Gamma-Poisson loss function £(8).

¢ of p(x|¢). Meanwhile, p(x|¢p) is a product of explicit
distributions with closed-form likelihoods for each of the p
features. In other words, x is distributed according to a dis-
tribution with parameters ¢ which are generated through a
transformation fp(z) of the contextual variables z.

We define each p(z;|¢;) as a Gamma-Poisson mixture
distribution, a common distribution to handle count data
that enables efficient posterior updates (Casella and Berger
2024). This distribution is defined by a mixture of Poisson
distributions with parameter A\ drawn from a Gamma dis-
tribution with parameters ¢ 2 {a, 3}. Omitting subscripts,
this can be written as

p(x]¢) = pap(|a, B)
:/ Poisson(x|\)Gamma(\|c, B)d\
0

e go 4)

N /ooo i T(a)

N FSFU;) (15/3)& (1iﬁ)x’

where I'() denotes the Gamma function.

Despite its attractive properties, the distribution is not im-
mediately amenable to stochastic gradient-based techniques
due to numerical underflow of the rate parameter gradients
(. Instead, we introduce a parameterization of the Gamma-
Poisson distribution which circumvents these issues. Firstly,
we note that this distribution is equivalent to the negative
binomial distribution

A Le=PAgN

letr) . v
T()P (1=p)"

. We can further reparameterize p

pnp(zlr,p) = ()

withr = aand p = 775
in terms of logits (:

p=0B/1+p)2 (), (6)
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where o (-) denotes the sigmoid function. Note also that 5 =
eS. Ignoring constant terms with respect to v and ¢, the log-
likelihood of the Gamma-Poisson distribution becomes:

log p(z|a, ¢) =logT'(z + o) — log T'(«)
+alogo(() + zlog (1 —o(()).

In practice, gradients of the terms on the second row can
be computed with numerical stability using a modification of
the common Binary Cross Entropy (BCE) loss, while those
of the first row are numerically stable for strictly positive
values of «. With this, we can use a neural network fg(-) to
take input contextual features z and output parameters o and
¢ for the prior distribution which optimize the log-likelihood
defined above for all items d. Reintroducing subscripts, the
full negative log-likelihood loss can be written as

(N

L(0) = E(z,2)~p[—log p(x|@)]
== > logp(aflas(z), Co(=])),
d=1i=1
where logp g (2), Co(2%)) is defined by Equation (7),
and {ap(z),Ce(2)} = fo(2z) denote the prior parameters

predicted by f.g

Neural Network Architecture

The architecture of our prior model fg can be seen in
Figure 1(b). While this model can be made as expressive
as necessary, we adopt a simple residual feedforward net-
work architecture that takes query-item embeddings as in-
put. Specifically, we can incorporate text embeddings for
text features (Devlin et al. 2018), image embeddings for
image-based features (Dosovitskiy et al. 2020), embedding
tables for categorical features, and continuous transforma-
tions through other Feed-forward Networks (FFNs) for other



Algorithm 1: BayesCNS Algorithm

Input: Prior model fq(-), Ranking model py (-), v
1: {advﬁd} < f@(zd)an eD
2: fort < 0to 1T do
3: // Rank and Show Items
ford € D do
&4 ~ pap (i aq, fa)
84 < py(c|Ta, zd)
end for
Dqt < TOpKdGD Sd
9:  Show D,, and receive feedback x;, n;

AN A

11: // Update Estimates
12 ford e Dy, do

13: {0, Bo} + fo(za)

14; g Yot w4+ yag + (1 —y)ag
15: Ba < n¢ +vBo + (1 —7)Ba

16:  end for

17: end for

continuous features. We further reparameterize « into log c,
letting the model output log ¢ and (.

Ranking Model Guided Online Learning

Using the learned priors as our starting belief, we perform
online learning to further refine this estimate to maximize
the expected cumulative reward. We accomplish this through
a Thompson sampling strategy to optimally balance be-
tween exploring new item recommendations and exploiting
the information we gathered over time (Russo et al. 2018).
Thompson sampling consists of playing the action &; ac-
cording to the probability that it maximizes the expected
reward at time ¢. Specifically, an action &; is chosen with
probability

p(-’i't|w1:t717z) =
/11 [R(&, ) = I%%XR(CBI;wtﬂp(wt‘wlzt—laz)dwta
9

where R(Z,x) is the reward function of taking action &
given context x. In our case, we are interested in estimat-
ing user interactions features based on previously seen in-
formation. To this end, our action space is defined to be the
space of predictions of the user interactions, while our con-
text corresponds to the user interactions x themselves. We
then let R(Zy, x;) = 1[&; = «], rewarding the model
for accurately predicting the features x;. With this formu-
lation, the probability of choosing an action &; simplifies to
p(Z|X1:0-1, 2) = p(®t|T14—1, 2).

Using this formulation, we sample &; ~ p(x:|®1.4-1,2)
as estimates of the user interaction features. These estimates
are given to the ranking model py,(c|@;, z), which scores
items according to the estimated features &; and the contex-
tual features z. This enables us to perform ranking-guided
online learning. Guided by the ranking model with contex-
tual information z, we are able to explore rankings of rel-
evant items to recommend by sampling from the posterior
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Figure 2: Click-through Rate (CTR (%)) comparison of dif-
ferent approaches in simulated environments with varying
predictive power (w).

distribution p(x|x1..—1, z). As we gain more samples from
repeated interactions with the search system, the posterior
distribution is updated, effectively balancing exploration and
exploitation. In the following, we derive the updates for this
distribution which accounts for distribution shifts and non-
stationarity of the user interaction features.

Non-stationarity and Continual Exploration

User behaviors often change over time due to seasonal-
ity or long-term trends. Therefore, the search system needs
to continually adapt to distribution shifts of these user in-
teraction features. To this end, the posterior probabilities
p(@iy1|T1.¢, 2) needs to account for this non-stationary be-
havior. Specifically, the posterior probability is defined as

P(Ti41]T14, 2) = pop(Tir1]au(2), Bi(2)), (10)
where pgp(2i41]|a(2), B:(z)) is defined as in Equation (4),
and oy and (; are the posterior parameters corresponding
to the Gamma-Poisson distribution (Fink 1997). Under non-
stationarity, the posterior updates for «;(z) and 5;(z) given
observations x1.; and contextual features z can be defined
as

az) =Y wj+ya0(z) + (1=, (1)
=1

Be(z) = ne +vBo(2) + (1 —7)Be—1- (11b)

Here, ag(2z) and Bp(z) = e%°(*) are the estimates received
from the prior model, n; denotes the number of observations
seen at time ¢, and x@ denotes the user interaction counts of
each of the observations 7. Intuitively, the process can be
thought of as updating the posterior parameters based on the
observations, while non-stationary effects randomly perturb
the parameters in each time period, injecting uncertainty.
The parameter v € [0, 1] controls how quickly this uncer-
tainty is injected, under which the parameters will converge
to the prior distribution parameters ag(z) and Sy(z) in the
absence of observations. Under this formulation, our model
can continuously explore item rankings even on items that
are not new. Our method is summarized in Figure 1 and Al-
gorithm 1.
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Figure 3: Click-through Rate (CTR (%)) rewards per time step of different methods measured in a simulated non-stationary
environment. We ablate our method (Bayesian Nonstationary), removing the non-stationary assumption (Bayesian Stationary),
and removing the use of user interaction features (Non-behavioral).

Related Work

Cold Start Cold start is a common issue in search and
recommendation systems. Existing approaches to alleviate
this problem attempt to inject new items in search results by
using heuristics to selectively boost item rankings (Taank,
Cao, and Gattani 2017; Haldar et al. 2020). Other solu-
tions involve using side information to make up for the
lack of interaction data. This includes using item-specific
features (Van den Oord, Dieleman, and Schrauwen 2013;
Volkovs, Yu, and Poutanen 2017; Zhu et al. 2020), user fea-
tures (Gantner et al. 2010; Sedhain et al. 2017), or through
transfer learning strategies from different domains (Missault
et al. 2021). Our approach is orthogonal to these works
and can be applied in conjunction with these methods. Re-
cently, Han et al. (2022) and Gupta et al. (2020) address
cold start by estimating the user interactions of cold items.
These methods do not account for non-stationary shifts in
user behaviors, limiting their ability to continually explore
and learn in dynamic environments.

Non-stationarity Non-stationarity widely exists in many
real-world applications, including in search and recommen-
dation systems (Pereira et al. 2018; Jagerman, Markov, and
de Rijke 2019). Existing approaches have dealt with non-
stationarity for search and recommendation systems within
the bandit setting, which may be restrictive and suffer from
scalability issues (Wu, Iyer, and Wang 2018; Li and De Ri-
jke 2019). In practice, search and recommendation systems
commonly address non-stationarity by periodically retrain-
ing models to deal with distribution shift (He et al. 2014;
Ardywibowo et al. 2022b). This procedure is costly and can-
not be done frequently. Moreover, model retraining can be
unstable due to the varying quality of the data collected
online and may even hurt model generalization (Ash and
Adams 2020).

Online Learning to Rank In Online Learning to Rank
(OLTR), rankers are optimized under a stream of user inter-
actions. Rather than modeling user interactions, OLTR per-
turb ranker parameters and update them based on online user
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feedback (Yue and Joachims 2009; Schuth et al. 2016; Oost-
erhuis and de Rijke 2018). Although this method addresses
biases in labels, it does not consider biases introduced when
user interactions are used as features. Furthermore, OLTR
faces challenges in dealing with factors that introduce noise
into the environment, such as distribution shifts due to sea-
sonality or delayed user feedback (Gupta et al. 2020).

Experiments

We now empirically study the effect of our method in holis-
tically addressing cold start and non-stationarity. In the fol-
lowing, we test our approach in simulated environments,
benchmark datasets, as well as in a real-world search sys-
tem setting through a large scale A/B test.

Simulation: Stationary Setting We test our method in a
stationary environment with item cold start. Following Han
et al. (2022), we generate 1,000 queries and 10,000 items

described by feature vectors z? and sz respectively. For
each query g¢;, we randomly select a subset of items D,
as the match set. We set the size for each D, randomly

between 5 and 50. We then assign contextual query-item
feature vectors z%P, i = 1,... ,1000, j = 1,...,|Dy;|

< —
ij

for each pair. To simplify the simulation, we define all the
features as scalars, and assign their value uniformly at ran-

dom between [0, 1]. Thus, the contextual features are vectors
J_1,Q ,D QD
T =25 j %5 ]- ‘
We model the attractiveness p! € [0, 1] of an item j given
a query ¢ as a noisy linear model:

z z

Pl = wolz + (1 —w)el. (12)
Here, v is a unit length vector, with |v|; = 1, which de-
termines the effect of the contextual features zJ on the item

attractiveness. Meanwhile, €/ € [0,1] are uniform random
variables determining the inherent query-item attractiveness.
The strength in which the contextual features z{ affect the
overall attractiveness p/ is determined by w € [0, 1], which
is termed the predictive power of the contextual features.



CiteULike LastFM XING
@20 @50 @100 \ @20 @50 @100 \ @20 @50 @100
Recall 2192 3853 5208 | .1354 2343 3406 | .1222 2191 .3011
KNN Precision | .0479 .0359 .0254 | .3065 .2108 .1473 | .1498 .1070 .0739
NDCG | .1500 .2310 .2953 | .3537 .2956 .3625 | .1722 2154 .2581
Recall 2351 4197 5738 | .1152 2039 .2946 | .2902 4475 .5556
LinMap Precision | .0586 .0420 .0297 | .2500 .1776 .1229 | .3502 .2179 .1348
NDCG | .2150 .3049 .3743 | 2880 .2547 3152 | .3933 4558 4103
Recall 2748 4614 6251 | .1398 2468 .3462 | .2966 .4496 .5533
NLinMap | Precision | .0686 .0469 .0324 | 3065 .2156 .1520 | .3579 .2191 .1344
NDCG | 2641 .3585 4295 | 3535 .3105 .3771 | .4001 .4583 .5147
Recall 3275 5092 6518 | .1351 2371 .3384 | 2417 4219 .5638
DropoutNet | Precision | .0770 .0500 .0331 | .3001 .2097 .1496 | .2921 .2058 .1371
NDCG | .3089 4026 .4674 | .3439 .3012 .3687 | 2761 .3920 .4646
Recall 3727 5533 6852 | .1451 2575 3686 | .3074 4727 5810
Heater Precision | .0894 .0552 .0352 | .3221 2279 .1620 | .3714 .2308 .1413
NDCG | .3731 4673 .5278 | .3705 .3270 .3994 | 4150 .4798 .5345
Recall 3833 5702 .7001 | .1507 .2657 .3775 | .3120 .4951 .5944
BayesCNS | Precision | .0964 .0638 .0349 | .3190 .2459 .1804 | .3785 .2412 .1438
NDCG | .3940 .4817 .5398 | .3729 .3356 .4322 | .4289 .4914 .5476

Table 1: Recall @k, Precision@k, and NDCG @k of all methods considered across various cold start recommendation datasets.

We vary this weight to study the robustness of various meth-
ods under different simulated environments. For small w,
the random inherent attractiveness €, dominates the overall
item attractiveness. Meanwhile, for large w, the contextual
features are more predictive of overall item attractiveness.
To simplify the simulation, we limit the user interactions
to be a single scalar feature denoting the amount of clicks
for each query-item pair. With this, we can simulate clicks
¢! ~ Bern(p!) and generate data for training a ranker model
and the empirical Bayes prior. Specifically, we can gener-
ate user interaction features from a binomial distribution

x] ~ Bin(n!,p]), where we sample n] uniformly at ran-

dom between 10 and 1,000.

At each time ¢, we randomly sample a query ¢, and obtain
its corresponding item match set D,,. We then use the pro-
posed approach to rank items in decreasing order, select the
top 10 items to show to the user, and simulate clicks on these
items based on their true probability of attractiveness. All
items are cold at the start of the simulation, as they have no
previous user interactions. We run this simulation for 10,000
timesteps and perform 5 independent trials to obtain confi-
dence intervals for each method. We ablate our model, com-
paring three approaches:

* Non-behavioral: Uses only contextual features to rank
items.

* Behavioral: Uses contextual features and user interac-
tion features without applying our approach.

* BayesCNS: Uses both query-item features and user inter-
action features along with a learned prior that estimates
the user-item interaction features.

We plot the Click-through rate (CTR) of each approach
under different w in Figure 2. Here, we see that for small w,
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where the contextual features are not predictive of item at-
tractiveness, the non-behavioral approach underperforms the
other methods. Meanwhile, for high w, the behavioral ap-
proach performs worse due to selection bias on items which
previously had user interactions. Meanwhile, our approach
is able to capture the best of both worlds and outperforms
both methods across low and high w.

Simulation: Non-stationary Setting We further test our
method in an environment that introduces cold start and non-
stationarity simultaneously. Specifically, we simulate an en-
vironment where item attractiveness can abruptly change at
unknown breakpoints in time (Garivier and Moulines 2011;
Li and De Rijke 2019). To do this, we further decompose €
into two components:

Eg = Te?,Static + (1 - T)E?,Dynamic(e)'

13)

Here ¢

i.sutic 18 the static component which remains un-

changed throughout the simulation, while eg,Dynamic(e) dy-

namically changes with each episode e. For each episode,

we sample €] . (€) uniformly at random between [0, 1].
We set r = 0.5, w = 0.05, and run the simulation through 5
different episodes, each consisting of 10,000 timesteps.

We ablate our method by removing the non-stationary as-
sumption (Bayesian Stationary), and the use of user interac-
tion features (Non-behavioral). We perform 5 independent
trials and plot the Click-through rate along with confidence
intervals at each timestep in Figure 3. Here, although the
stationary approach performs well on the first episode, it
is unable to adapt to shifts in item attractiveness in succes-
sive episodes, performing worse than the non-behavioral ap-
proach in later episodes. Meanwhile, our method is able to



Cohort  New Items (%) Base Test (Ours) Difference
Succ. (+%) Impression (+%) | Succ. (+%) Impression (+%) | Succ. (+%) Impression (+%)

1 0.96 0.97 1.64 0.98 3.21 0.01 1.57

2 14.04 1.97 10.28 4.42 38.83 2.45% 28.55*

3 15.80 2.52 12.55 2.83 15.10 0.31 2.55%

4 19.37 2.31 12.04 7.48 46.21 5.17* 34.17*

5 24.94 2.99 14.13 542 32.56 2.43* 18.43%*
Overall 22.81 1.76 7.62 2.81 18.22 1.05% 10.60%*

Table 2: Performance metrics of our proposed approach in an online A/B experiment. New Items (%) denote the percentage
of new items introduced relative to the original index size. Success rate (Succ.) measures the amount of favorable actions
performed by users. Impression (+%) measures the amount of new items shown to the user. Statistical significance denoted by

asterisks (*) (p-value < 0.05 by paired t-test).

adapt to distribution shifts in item attractiveness and recover
favorable rewards across all episodes.

Evaluations on Benchmark Datasets We evaluate our
method on three diverse benchmark datasets for address-
ing cold start in recommender systems, following Zhu et al.
(2020):

 CiteULike (Wang and Blei 2011): A dataset of user pref-
erences for scientific articles. It includes 5,551 users,
16,980 articles, and 204,986 user-like-article interac-
tions.

e LastFM (Cantador, Brusilovsky, and Kuflik 2011): A
dataset consisting of users and music artists as items to be
recommended. This dataset consists of 1,892 users and
17,632 music artists as items to be recommended, with
92,834 user-listen-to-artist interactions.

* XING (Abel et al. 2017): A subset of the ACM RecSys
2017 Challenge dataset containing jobs as items to be
recommended to users. It contains 106,881 users, 20,519
jobs as items to be recommended, and 4,306,183 user-
view-job interactions.

These datasets contain user-item auxiliary information,
which we use to construct priors on the user interaction fea-
tures. For comparison, we consider five state-of-the-art cold
start recommendation algorithms:

¢ KNN (Sedhain et al. 2014): Generates recommendations
using a nearest neighbor algorithm.

¢ LinMap (Gantner et al. 2010): Learns a linear transform
to generate user-item Collaborative Filtering (CF) repre-
sentations.

e NLinMap (Van den Oord, Dieleman, and Schrauwen
2013): Uses deep neural networks to transform represen-
tations into CF space.

* DropoutNet (Volkovs, Yu, and Poutanen 2017): Ad-
dresses cold items by randomly dropping CF represen-
tations during training.

e Heater (Zhu et al. 2020): A method combining separate,
joint, and randomized training, along with mixture of ex-
perts to generate recommendations.

We measure Recall @k, Precision@k, and NDCG @k for
k € {20, 50,100} to evaluate model performance (He et al.
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2017). The results of our evaluations are shown in Table 1.
Here, we see that BayesCNS performs competitively com-
pared to the other methods considered across all datasets.
We refer to the extended version of our paper for more dis-
cussions and details on our experiment setup.

Online A/B Testing We conducted an online A/B test
where we introduced millions of new items which in total
consist of 22.81% of our original item index size. We com-
pare our treatment with the baseline, which introduced these
new items without explicitly considering cold start and non-
stationary effects. We ran this test for 1 month, accruing mil-
lions of requests to reach statistical significance. Throughout
this experiment, we record the overall success rate measur-
ing the amount of favorable actions performed users, and
new item impression rate measuring the amount of times that
new items get shown to users.

The results of this A/B test are shown in Table 2, where
we have divided the impact into different anonymized co-
horts, each with different new item percentages relative to
the existing size. Our approach consistently boosts both the
success rate and new item surface rate compared to surfac-
ing new items without it, achieving statistical significance in
nearly all metrics in all cohorts. For cohorts with more new
items, our method provides more outsized improvements in
all metrics, while cohorts with less new items observe a
more modest gain.

Conclusion

We have presented BayesCNS, a Bayesian online learning
approach to address cold start and non-stationarity in search
systems at scale. Our approach predicts prior user-item in-
teraction distributions based on contextual item features.
We developed a novel parameterization of this prior model
using deep neural networks, allowing us to learn expres-
sive priors while enabling efficient posterior updates. We
then use this learned prior to perform online learning un-
der non-stationarity using a Thompson sampling algorithm.
Through simulation experiments, evaluations on benchmark
datasets, and online A/B testing, we have shown the efficacy
of our proposed approach in dealing with cold start and non-
stationarity, significantly improving click-through rates, new
item impression rates, and success metrics on users.
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